Streamflow modelling results from the GR4H and PDM hydrological models were evaluated in two Australian sub-catchments, using (1) calibration to streamflow and (2) joint-calibration to streamflow and soil moisture. Soil moisture storage in the models was evaluated against soil moisture observations from field measurements. The PDM had the best performance in terms of both streamflow and soil moisture estimations during the calibration period, but was outperformed by GR4H during validation. It was also shown that the soil moisture estimation was improved significantly by joint-calibration for the case where streamflow and soil moisture estimations were poor. In other cases, addition of the soil moisture constraint did not degrade the results. Consequently, it is recommended that GR4H be used, in preference to the PDM, in the foothills of the Murrumbidgee catchment or other Australian catchments with semi-arid to subhumid climate, and that soil moisture data be used in the calibration process.
Introduction
Rainfall-runoff models are used extensively in streamflow predictions. The performance of the models is highly dependent on the model structure (Beven 1989) , parameter values (Moradkhani et al. 2005) , forcing data, and the initial conditions (Grayson and Blöschl 2000) . Soil moisture plays a major role in the hydrological behaviour of a catchment, particularly for operational flood modelling. Several studies have observed that surface runoff is a threshold process controlled by catchment wetness conditions, where runoff coefficients increase when soil moisture thresholds are exceeded (Western and Grayson 1998, Latron and Gallart 2008) . In many instances, the condition of soil moisture stores in rainfall-runoff models is the principal factor in determining whether incident rainfall infiltrates into the soil, or becomes surface runoff. Better initialization of soil moisture variables is expected to lead to better partitioning of rainfall between infiltration and surface runoff and as a result more accurate simulation of flood events (Brocca et al. 2012) . The runoff coefficient is low on hillslopes, due to high infiltration losses, where topographic properties have a considerable influence on the hydrological processes (Puigdefabregas et al. 1998) . Depending on the storm intensity and duration, when the soil reaches a condition that precipitation intensity exceeds the infiltration capacity of the soil, infiltration excess runoff is generated. When the hillslope area switches to this wet condition, the lateral hydraulic conductivity increases substantially and subsurface lateral flow becomes dominant (Meyles et al. 2003) . Conversely, foothills near the stream have the potential to saturate rapidly, even during small rainfall events, resulting in a saturation excess runoff (Penna et al. 2011) .
Available hydrological models for streamflow prediction range from simple conceptual lumped models to comprehensive physically-based distributed models. Conceptual models, which adopt simplified representations of the major physical processes of the hydrological cycles, have been most effective in flood forecasting (Aubert et al. 2003) . These models represent catchments using several conceptual storages, with parameters controlling store sizes and rates of outflow. Typically, one of these conceptual storages describes that partition of incident rainfall between infiltration and surface runoff and therefore can be considered to represent soil moisture. Most conceptual models can be used on an event-based or continuous simulation basis (Massari et al. 2014) . Operational flood forecasting of the Australian Bureau of Meteorology (BoM) has been based on the Unified River Basin Simulator (URBS; Carroll, 1994) , which is a conceptual event-based model. However, the BoM is moving to a continuous modelling system over Australia using the Short-Term Water Information Forecasting Tool (SWIFT; Pagano et al. 2010) , which is a modelling framework that includes the widely used PDM, GR4H, SimHYD and SAC-SMA hydrological model options.
The literature abounds in studies that investigated how to improve streamflow simulation performance using different model structures (Chiew et al. 1993 , Refsgaard and Knudsen 1996 , Yew Gan et al. 1997 , Perrin et al. 2001 , Dye and Croke 2003 , Vaze et al., 2010 , Brocca et al. 2011 , refinement of forcing data , Vaze et al. 2011 , parameter estimation methods (Conti et al. 2002 , Kay et al. 2006 , Goswami and O'Connor 2007 , Gibbs et al. 2008 , Zakermoshfegh et al. 2008 , Vaze et al. 2010 , Abushandi and Merkel 2011 , Dakhlaoui et al. 2012 , and different types of observations such as evapotranspiration or leaf area index in the calibration process (Zhang et al. 2009 (Zhang et al. , 2011 . However, there has been no specific investigation on evaluating the soil moisture that is simulated in these rainfall-runoff models.
Specifically in Australia, Chiew et al. (1993) compared five different models including simple and complex conceptual rainfall-runoff models in eight Australian catchments, and concluded that the complex conceptual model (MODHYDROLOG; Chiew and McMahon, 1991) was the best for simulating high and low daily flows, while the simple model (SFB; Boughton 1984) was adequate for estimating monthly and annual flows in wetter catchments. Vaze et al. (2010) compared SAC-SMA, GR4J, IHACRES, SIMHYD, AWBM and SMARG models for 232 catchments in southeastern Australia and found that the SACRAMENTO and GR4J outperformed others in simulating the daily runoff series in both calibration and nearest-neighbour regionalization. Some studies have also been investigating the impact of rainfall accuracy on flow predictions , Vaze et al. 2011 . Vaze et al. (2011) investigated improvement in performance of conceptual rainfall-runoff models (SACRAMENTO, IHACRES, SIMHYD and SMARG) with improved spatial representation of rainfall in 240 catchments across Australia. Zhang et al. (2009) investigated use of the MODIS-based remote sensing evapotranspiration product in a modified SIMHYD model as a daily conceptual rainfall-runoff model in southeastern Australia. They showed that calibration against both observed streamflow and evapotranspiration resulted in better streamflow forecasts when compared to calibration against the observed streamflow data alone. Zhang et al. (2011) investigated the effect of incorporating NOAA leaf area index time series and land cover type data into a modified SIMHYD model on daily runoff and soil moisture estimation in 470 catchments in Australia; however, there was no evaluation of the soil moisture prediction skill.
A limited number of studies have sought to take advantage of soil moisture observations when calibrating hydrological models in Europe (Parajka et al. 2006 , Sutanudjaja et al. 2014 , Wanders et al. 2014 , Silvestro et al. 2015 , but they have typically not evaluated the derived root-zone soil moisture estimates. Parajka et al. (2006) investigated the value of using satellite-derived root-zone soil moisture data in a semi-distributed conceptual single-layer model (HBV; Lindstrom 1997) by direct insertion of the data rather than calibration of the modelled soil moisture state. Parajka et al. (2009) used both runoff and satellitebased topsoil moisture data in Austria to calibrate the HBV dual-layer model by minimizing a multi-objective function, and showed that use of both runoff and soil moisture data provided more robust parameters than using either of these observational data alone in calibration. Wanders et al. (2014) utilized satellite-based surface soil moisture data from AMSR-E, ASCAT and SMOS in a synthetic experiment rather than a real study to calibrate the LISFLOOD physically-based model using a dual EnKF approach, demonstrating that calibration to both discharge and soil moisture data resulted in a reduction by 10-30% in RMSE for streamflow simulations. Silvestro et al. (2015) used soil moisture data from the European Organization for the Exploitation of Meteorological Satellites (EUMETSAT) in Italy to calibrate the Continuum distributed hydrological model, and found that use of both streamflow and satellite soil moisture data additionally constrained the independent parameters in the calibration process and improved the model representation of hydrological processes. In addition, Sutadujaja et al. (2014) explored the use of discharge observations and SCAT/ERS-derived soil moisture data for calibration of a coupled groundwater-land surface model and found that the jointcalibration was successful in discharge, soil moisture and groundwater head predictions, with acceptable accuracy when they were evaluated against the observed data. In Australia, only Wooldridge et al. (2003) jointly calibrated the variable infiltration capacity (VIC; Liang et al. 1994 ) model, a physically-based surface energy and water balance model rather than a conceptual rainfall-runoff model, using a combination of streamflow, ground-based soil moisture and evapotranspiration observations. They showed that streamflow predictability was similar to the single streamflow calibrated model, but that soil moisture prediction was considerably more consistent with the observations for the jointly calibrated model; inclusion of evapotranspiration in the joint-calibration was unsuccessful.
Most of the past research has focused on the effects of model structure, parameter estimation and forcing data on hydrological modelling, while limited studies have evaluated the skill of soil moisture prediction from rainfall-runoff models. Only one study investigated the benefits of ground-based soil moisture data for calibration and evaluation of hydrological models (Wooldridge et al. 2003) . All other studies (Parajka et al. 2006 , Sutanudjaja et al. 2014 , Wanders et al. 2014 , Silvestro et al. 2015 used only remotely sensed soil moisture observations in the calibration without any reference to in situ soil moisture for evaluation of the modelled and remote sensing datasets. With remotely sensed soil moisture only representing the top few centimetres of soil, there is much work needed to demonstrate the importance of accurate soil moisture representation in hydrological models. Investigating the accuracy of soil moisture predictions is also important for application of model data assimilation, since the success of data assimilation relies on unbiased model state prediction, which is largely dependent on the accuracy of model physics and parameter estimation (Moradkhani et al. 2005 , Kumar et al. 2009 , Chen et al. 2011 . Data assimilation is one of the most advanced approaches used in recent years to align model predictions with observations (Pauwels et al. 2002 , Vrugt et al. 2005 , Chen et al. 2011 .
Consequently, this paper evaluates the impact of using soil moisture observations in rainfall-runoff model calibration for improving streamflow modelling within the Murrumbidgee catchment in Australia. A joint-calibration that used both soil moisture and streamflow observations in the parameter optimization was applied and compared with results from calibration to streamflow alone in two sub-catchments, with semi-arid to sub-humid climatic condition, and using two different lumped conceptual models. Continuous streamflow modelling results were assessed for their ability to accurately represent the soil moisture and its impact on the streamflow, by comparing the simulated soil moisture with field observations from a dense monitoring network.
Study area and data
The focus of this study is the Murrumbidgee catchment in southeastern Australia. The total size of the Murrumbidgee catchment is 84 000 km 2 , with elevations ranging from 50 to 2200 m a.s.l., and it represents 8.2% of the total area of the Murray Darling Basin (MDB) in southeastern Australia. The land use in the Murrumbidgee catchment includes dryland and irrigated agriculture, native vegetation, plantation forests and urban areas (CSIRO 2008) . The flow in the Murrumbidgee catchment is highly regulated to support irrigated agriculture. Therefore, to avoid modelling the effect of regulations, the streamflow model performance was assessed in two sub-catchments within the unregulated area: the upper Kyeamba Creek and Adelong Creek sub-catchments (Fig. 1) .
The Upper Kyeamba Creek and Adelong Creek are in topographically different locations in the midMurrumbidgee catchment, with approximate areas of 190 and 157 km 2 , respectively. The elevation ranges from 300 to 600 m a.s.l. in the Kyeamba area, and from 300 to 1000 m a.s.l. in the Adelong area. The average slopes in these sub-catchments are about 0.67 and 1.12%, respectively. The land use in both areas is dominated by dryland grazing, but native forest is also present in the Adelong sub-catchment (Green et al. 2011) . Wheater et al. 2007) , so the Kyeamba sub-catchment can be identified as having characteristics close to semi-arid. These two sub-catchments were selected based on the availability of streamflow and ground-based soil moisture observations. Several OzNet monitoring sites (http://www.oznet.org.au; Smith et al. 2012) are located in the Kyeamba (K1, K2, K3, K4, K5 and K7) and Adelong sub-catchments (A1, A2, A3, A4 and A5), with soil moisture and rainfall observations spanning the period of interest. The OzNet monitoring sites, operational raingauges and streamgauges are shown in Figure 1 . At the OzNet sites, rainfall observations are available with 6 minutes temporal resolution for six sites over the Upper Kyeamba and five sites in Adelong Creek. The data have been aggregated to hourly time steps to be used in this study. After comparing the cumulative rainfall plots of different OzNet sites for each sub-catchment, the most representative rainfall site from January 2007 to December 2010 was selected for each sub-catchment, being K7 for Kyeamba and A4 for Adelong.
Operational real-time data, which are used for flood forecasting, are also available at hourly time steps (see Fig. 1 ). However, it is expected that the OzNet rainfall data are more likely to be closer to the sub-catchment true rainfall than operational real-time data. This is because the OzNet data are available from multiple sites within the sub-catchment, while the operational gauges are sparsely located and often far away from the sub-catchments. Thus, the OzNet rainfall data during January 2007 to December 2010 were used for the calibration period, as representing the best available data. Nevertheless, the OzNet data are not continuously available for all sites during January 2011 to December 2012, meaning that OzNet rainfall data for the validation period are not as good as the data used during the calibration period. In addition, there are no available OzNet rainfall data in other sub-catchments in the Murrumbidgee catchment. Therefore, operational rainfall data were also used here, with the aim of demonstrating the impact on broader application For this work, the operational data have been interpolated into all sub-areas, including the Upper Kyeamba and Adelong sub-catchments, in the study area (see Fig. 1 ) and used on hourly time steps. To have an overview of the difference between OzNet data and the operational data, cumulative rainfall observations from the OzNet sites were compared with cumulative operational rainfall for each sub-catchment during 2007 to 2010, as shown in Figure 2 . In Figure 2 , except for the big difference in the early stages in the Kyeamba data, all K sites showed good agreement with operational data, with correlation coefficients from 0.47 to 0.5, while among A sites, A2 was closer to the operational data than other A sites within the Adelong sub-catchment, with correlation coefficients from 0.42 to 0.54.
Sub-catchment average soil wetness data were derived from OzNet sites for the application of soil moisture observations in the modelling of these two areas. Volumetric soil moisture data were available at either 20-or 30-min time intervals for three soil layers, being 0-30, 30-60 and 60-90 cm depths. The data were collected by Campbell Scientific probes (CS615 or CS616) for the six K sites in Upper Kyeamba and the five A sites in Adelong. The average volumetric soil moisture over an equivalent depth of the soil as that used in the model was first calculated for each OzNet site using the data for these three depths (0-30, 30-60 and 60-90 cm) . These values were then aggregated to hourly time steps to be used for soil wetness estimation. The details of the approach used for estimation of the sub-catchment average soil wetness are given in Section 4.2.
Average monthly PET data were derived from the gridded Australian Water Availability Project dataset (AWAP; Raupach et al. 2009 ) interpolated to the study sub-catchments. The real-time streamflow observations for the 6-year period 2007-2012 were obtained from the New South Wales Office of Water (http://www. water.nsw.gov.au/realtime-data/default.aspx) for streamgauges at the sub-catchment outlets.
Description of rainfall-runoff models
The continuous conceptual rainfall-runoff models selected for this study are GR4H (Génie Rural 4 paramètres Horaire; Mathevet 2005) and PDM (Probability Distributed Model; Moore 2007). These models were implemented in the SWIFT modelling framework, which is designed to support operational flood forecasting in Australia (Pagano et al. 2010) . These two models were selected as they are soil moisture accounting (SMA) models, which are often used for operational flood forecasting (Leahy et al. 2008) . In addition, these two models were selected among the hydrological models included in SWIFT, for testing in the study catchment, to investigate their applicability to flood forecasting of Australian catchments. The two models transform rainfall and potential evaporation input to streamflow at the catchment outlet. In this study, the models were applied at hourly time steps in a lumped configuration for each sub-catchment separately, with unique rainfall and potential evaporation over each sub-catchment. The lumped modelling approach adopted here is suitable for the small-to medium-sized catchments used in this work (Blackie and Eeles 1985) .
The GR4H model is derived from the GR4J model (Perrin et al. 2003) , which is a daily lumped model with four parameters. The GR4H structure is similar to GR4J, but with several adjustments to make the model more efficient at time steps shorter than one day (Bennett et al. 2014) . GR4H consists of a production SMA store and a routing store. Two unit hydrographs are used to simulate the time lag between rainfall and streamflow. The four model parameters are: the maximum capacity of the production store (x 1 ), a groundwater exchange coefficient (x 2 ), the maximum capacity of the routing store (x 3 ), and the time base of the unit hydrograph (x 4 ) (see Fig. 3(a) ). The rainfall (P) and potential evaporation (PE) are subtracted after interception to estimate the net rainfall (P n ) or evapotranspiration (E n ). In Figure 3 (a), if P ≥ E, then P n = P − E and E n = 0; otherwise P n = 0 and E n = E − P. In the case that P n ≠ 0, the infiltration to the production store (P s ) is defined by a function of level S in the production store. Perrin et al. (2003) tested the GR4J model in 429 river basins with climates ranging from semi-arid to temperate and tropical humid, and showed that the results of the model were very satisfying compared to other models of the same type, such as IHACRES, HBV, SMAR and TOPMODEL. In addition, based on the study by Vaze et al. (2010) , GR4J had similar or better performance compared to other models (SACRAMENTO, IHACRES, SIMHYDE, AWBM and SMARG) in 232 catchments located throughout southeastern Australia.
The PDM has eight parameters and partitions the rainfall into direct runoff, soil moisture storage (S 1 ) and groundwater recharge, as shown in Figure 3 catchment have different storage capacity, with spatial variation of the capacity over the catchment described by a probability distribution. In this study, a Pareto distribution, which is the most widely used distribution in practice, was used. The PDM used here employs a cascade of two linear reservoirs (S 21 and S 22 ) to route surface flows, and a nonlinear storage (S 3 ) to route groundwater, with a standard recharge function. The effective rainfall is equal to the soil moisture excess calculated at each time step, and the evaporation rate is assumed equal to the potential evaporation multiplied by the relative saturation of the catchment. This model has been widely used for both operational and design flow prediction purposes in the UK and Belgium (Moore 1999 , Cabus 2008 , Pechlivanidis et al. 2010 .
Methods

Estimation of sub-catchment average observed and modelled soil wetness
Modelled soil wetness (SW sim , %) at each time step was estimated from the conceptual soil water store of the model using: where SM sim,i is the simulated soil moisture (mm) at the ith time step and S max is the soil water storage (mm) in the model, being the maximum capacity of the production store in GR4H (C max ) or the average of point soil moisture storage capacities over the catchment in PDM (S max ), since the PDM storage capacity is spatially varied over the catchment. For the Pareto distribution used in PDM in this study, the average of point storage capacities was calculated by (Moore 2007) :
where C minrat is the ratio of C min to C max . Equation (1) is based on the assumption that the model soil moisture will reach the maximum storage capacity at least once during the 6-year study period. This means that it is assumed that S max represents the actual upper bound of catchment soil moisture content. For PDM, it was assumed that all spatially distributed stores have reached the maximum capacities, meaning that on average the catchment soil moisture content reaches the maximum value.
The observed soil wetness used in this study is the average of OzNet soil wetness over the monitoring sites for each sub-catchment, where the soil wetness (%) for each site has been calculated as:
where θ i is the average volumetric soil moisture (m 3 m −3 ) at the ith time step, and θ min and θ max are the minimum and maximum of the volumetric soil moisture (m 3 m −3 ) at each OzNet site for an equivalent soil depth, as implied by the size of the conceptual soil water store in the model, defined by:
Equation (3) effectively scales the soil moisture observation at each time step to a value between 0 and 100, representing the degree of saturation of a soil column with equivalent soil depth. Volumetric soil moisture data (θ) were available over the soil layers (0-30, 30-60 and 60-90 cm) for each of the six K sites in the Upper Kyeamba sub-catchment, and the five A sites in the Adelong sub-catchment (shown in Fig. 1 ).
The average of the volumetric soil moisture over the equivalent depth of the soil was calculated for each site using the available data for these three different depths. The θ min and θ max were obtained from 6 years of soil moisture record (2007) (2008) (2009) (2010) (2011) (2012) for each site separately, taking into account the variations of soil moisture over the catchment during this long period. The average of the soil wetness was then calculated over different sites for each of the sub-catchments. Since all sites were not operating continuously for 2011-2012, the average soil wetness was taken from different stations (two or three stations) rather than all sites within the sub-catchment in these instances. After calibration of the models, the model soil wetness was assessed against soil wetness observations. The difference between observed and modelled soil wetness is presented as the root mean square error (RMSE) and mean error (ME) for the calibration and validation periods. The mean error is taken as the average of differences over the calibration or validation period. This comparison gives a view of the accuracy of the models in estimation of the antecedent soil moisture prior to a runoff event.
Calibration and validation of hydrological models
The hydrological models were first calibrated to streamflow observations at the Kyeamba and Adelong sub-catchment outlets using hourly data for the period 2007-2010. The models were also calibrated jointly to streamflow and soil moisture observations as a jointcalibration in both sub-catchments, to additionally achieve the best match between observed and modelled soil moisture. The shuffled complex evolution algorithm (SCE; Duan et al. 1994 ) was used to automatically calibrate the parameters by minimizing an objective function. The adopted objective function for calibrating to streamflow only (SF-calibration) is the mean squared error (MSE) of simulated streamflow:
where Q obs,i and Q sim,i are the observed and simulated streamflow, respectively, at the ith time step, and n is the number of time steps available for calibration. This objective function was adopted because it is sensitive to error in high flows, which are more important for flood modelling than low flows. The objective function adopted to calibrate the model jointly to streamflow and soil moisture observations (joint-calibration) is also based on the average sum of squared errors:
where SW obs,i and SW sim,i are the observed and simulated soil wetness, respectively, at the ith time step, and SW obs is the average of soil wetness observations over the entire calibration period (see next section for soil wetness estimations). To allow for scale differences between the streamflow and soil moisture simulation errors, the sums of square errors for each component are normalized by the variance of the corresponding observations. In this study, there were limitations in terms of temporal availability of the soil wetness data during the calibration and/or validation periods. There were insufficient data recorded for K1, K2, K5, K7, A2, A4 and A5 over the validation period. Moreover, A3 did not have any data records for January to May 2011 and there were no data available from A4 during both calibration and validation periods. Therefore, considering the limited data availability, the average-based soil moisture observations created the most complete record of data to be used in joint-calibration. However, to investigate the impact of spatial variability of soil moisture on model calibration, the models were also jointly calibrated to streamflow and soil wetness observations from single stations. This allows for investigating whether the calibration to spatially averaged soil moisture hinders taking into account the influence of soil moisture heterogeneity on hydrological responses. As a further investigation, the most representative station within the sub-catchment was identified based on the correlation coefficients between the soil wetness observations from each station. The station that showed the highest correlation coefficients with other stations was selected as the most representative within the sub-catchment. Both models were then jointly calibrated to soil wetness observations from the representative stations, to understand how the joint-calibration to the representative station affects the hydrological modelling results as compared to joint-calibration to the observations from a single station or average soil wetness data over the subcatchment.
The model performance for streamflow modelling in the calibration and validation periods was assessed using the Nash-Sutcliffe efficiency (NSE; Nash and Sutcliffe 1970) coefficient based on observed and simulated streamflow as:
where NSE ranges from −∞ to 1. An efficiency of 1 represents a perfect match of simulated flow to the observed data.
Results
Evaluation of streamflow predictions
A warm-up period during which the state variable of the model evolves from 0 (default value) to an appropriate value was used for the calibration to avoid the effect of initialization on the calibration results. After calibration, the initial state value at the end of the simulation during calibration period was used as the model initialization for the validation. All parameters were optimized for both models through the calibration procedure. The optimized values for the parameters of the GR4H and PDM models are presented in Table 1 . For PDM, C max is the maximum soil moisture storage capacity (mm), and b is the exponent of the Pareto distribution controlling the degree of spatial variability of storage capacity. After joint-calibration, the model maximum capacity changed dramatically in GR4H and slightly in PDM (x 1 and C max , respectively) in both study areas, compared to SF-calibration alone (see Table 1 ). The change in this parameter shows that, with a small change in the calibration skill, the jointcalibration has adjusted the soil moisture parameter in a way that is more consistent with soil moisture observations. The groundwater exchange coefficient (x 2 ) in GR4H changed especially in the Kyeamba sub-catchment after joint-calibration, while other parameters (x 3 and x 4 ) did not change significantly. For PDM, the groundwater recharge time constant parameter (k g ) varied dramatically for both sub-catchments and the actual evaporation function exponent (b e ) changed for the Adelong sub-catchment, while there was no significant change in other parameters (excluding C max and K g ) after joint-calibration. In order to contextualize the modelling results, the observed rainfall, observed and simulated streamflow, and the NSE scores for the calibration and validation periods of the two models for the Kyeamba and Adelong sub-catchments are illustrated in Figures 4 and 5 , respectively. In these figures, the results for calibration to only streamflow (SF-calibration) (Figs 4(a,b) and 5(a,b)) are compared with the results for calibration to both streamflow and soil moisture (joint-calibration) (Figs. 4(c,d) and 5(c,d) ). The validation results in these figures are from operational rainfall data. The scatter plots of the observed and simulated streamflow and the correlation coefficient values are also shown in Figure 6 . Based on the correlation values, the streamflow prediction skill of PDM was improved slightly after joint-calibration as compared to SF-calibration results, while there is no change in the correlations for GR4H. Table 2 Table 2 , the RMSE between observed and simulated soil wetness is also presented in the second column for calibration and validation (Val.3). It is clear from Table 2 that calibration NSE of PDM is better than GR4H for both calibration schemes in both study sub-catchments, but the validation skill score for GR4H is mostly better than for PDM for both sub-catchments. There are big differences between the NSE scores in calibration and validation with operational rainfall data (Val.2) due to the lower spatial resolution of the operational raingauges compared to the OzNet sites. However, there was no significant difference between the validation skill scores when using OzNet and operational rainfall data in 2011-2012 (Val.1 and Val.3) for the Kyeamba subcatchment, and the scores for Val.3 were even better than Val.1 for the Adelong sub-catchment. Because the same validation scores were achieved from OzNet and operational rainfall data in 2011-2012 for Kyeamba (Val.1 and Val.3) and better skill was obtained in validation from operational data for the Adelong area (Val.3), it is assumed that use of operational rainfall data with low spatial resolution should not adversely affect the modelling results. Thus, in the following we focus on the results from using operational rainfall data (Val.3) for both sub-catchments for the validation period.
After joint-calibration in the Kyeamba area, the NSE scores of the GR4H models in both calibration and validation (Val.3) decreased, from 0.71 to 0.68 and from 0.63 to 0.58, respectively. In this sub-catchment, the PDM skill during the calibration period did not Table 2 . NSE scores of observed and simulated streamflow modelling and RMSE (%) of observed and simulated soil wetness from calibration to streamflow alone (SF-cali.), and calibration to both streamflow and soil moisture (Joint-cali.) in the Kyeamba (K) and Adelong (A) sub-catchments for GR4H and PDM. The NSE scores are shown for calibration with OzNet rainfall (2007 change (0.75 for both calibration schemes), while it showed slightly increased skill scores in the validation (Val.3), increasing from 0.59 to 0.61. In the Adelong sub-catchment, the skill score during the calibration decreased slightly, from 0.80 to 0.79 in GR4H and from 0.83 to 0.81 in PDM, while the Val.3 score increased slightly (from 0.80 to 0.83) for GR4H and significantly (from 0.2 to 0.35) for PDM after jointcalibration. Therefore, a small degradation was seen in the calibration scores when using soil moisture in addition to streamflow, but apart from GR4H in the upper Kyeamba sub-catchment, the validation scores improved after joint-calibration, especially in cases with very low skill (e.g. PDM for the Adelong subcatchment). This result indicates that overall the soil moisture constraint in the calibration procedure improved the model skill in streamflow prediction over the whole validation period. The degradation in the calibration and validation skills of the GR4H model for the Kyeamba sub-catchment, and also the degradation in skills of both models for the calibration in the Adelong sub-catchment after joint-calibration, should be investigated in more detail for specific events to see how the performance of the models changes after joint-calibration.
Evaluation of hydrological models in soil moisture estimations
Figures 7 and 8 depict soil wetness estimation in the models, evaluated against the average of the soil wetness observations from OzNet sites during the calibration period for the Kyeamba and Adelong sub-catchments, respectively. Similar plots in Figures 9 and 10 illustrate how the soil moisture was simulated for the validation period . In these figures, RMSE and ME between soil wetness observations and model soil wetness estimations are shown after using the parameters from SF-calibration and joint-calibration. The comparison allows for investigation of the difference in the soil moisture simulation before and after joint-calibration in the models. In GR4H, for both sub-catchments, the model total saturation was not achieved in either the calibration or validation period, with the maximum water level in the storages for SF-calibration and jointcalibration being 204 and 161 mm, respectively, in Kyeamba and 105 and 154 mm, respectively, in Adelong. Therefore, to be consistent with the observations, which were scaled to 0-100, the simulated soil wetness shown in Figures 7(a), 8(a) , 9(a) and 10(a) for GR4H was calculated by scaling the modelled soil water level to a value between 0 and 100 using the maximum and minimum values of modelled soil water storage obtained from the entire 6-year study period. It should also be mentioned that, because the observed sub-catchment soil wetness was the average of sites, the maximum soil wetness result shown is a value that is slightly smaller than 100%. Likewise, the minimum soil wetness did not reach zero as the minimum saturation did not occur at the same time for all sites in the sub-catchment. For jointcalibration, the models were initialized with the soil wetness observations at the beginning of the calibration as shown in Figures 7 and 8 , but the results indicate that the initialization had no impact on the model skill during the following time intervals.
As seen in Figures 7 and 8 , the RMSE and ME mostly decreased after joint-calibration, when compared to SF-calibration alone, but there were still differences between the simulations and observations. In these figures, it is clearly understood that both models can estimate the variation of observed soil wetness through time in both sub-catchments. However, apart from some periods, the models mostly underestimated the soil moisture and could not reach the high value of saturation during the wet periods. Moreover, Figure 7 (a) and (b) shows that both models underestimated soil wetness in both calibration approaches in Kyeamba, with approximately the same RMSE, 9.7 and 9.6% in GR4H and 10.1 and 9.5% in PDM for SF-calibration and joint-calibration, respectively. The ME increased from −0.4 to −4.4% in GR4H after joint-calibration while the error decreased from −3.1 to −1.3% in PDM. Figure 8(a,b) shows that in the Adelong area, apart from some periods in 2010, both models underestimated soil moisture for SF-calibration with a much higher RMSE and ME seen in PDM in SF-calibration (26.6 and 22.2%, respectively) compared to RMSE (20.7%) and ME (−15%) for GR4H. However, after joint-calibration, the errors in PDM declined significantly, to 11.9% (RMSE) and −3.8% (ME), which are much lower than the RMSE and ME for GR4H (17.9 and −13.5%, respectively). This improvement in the modelled soil wetness is clear in Figure 8(b) . From the results in Figures 7 and 8 , it is seen that there was only a small change in the soil moisture simulations after joint-calibration where the model already had relatively good performance in streamflow modelling (e.g. the GR4H model in both sub-catchments and PDM in the Kyeamba area). However, in the Adelong sub-catchment, the errors between the modelled and observed soil wetness improved significantly in PDM, which had the worst skill in streamflow and soil wetness estimations in SF-calibration.
In Figures 9 and 10, there were no significant changes in RMSE errors in the soil moisture simulations compared to the observations after joint-calibration for Kyeamba (10.6 and 11.4% in GR4H, and 11.4 and 10.3% in PDM), whereas the errors decreased from 18.4 to 15.3% in GR4H and from 22.4 to 16.3% in PDM for the Adelong sub-catchment. The ME degraded slightly from 2.2 to −4.8% in GR4H, while it improved slightly from −1.4 to 0.3% in PDM in the Kyeamba sub-catchment. In the Adelong area, ME improved from −11.1 to −7.2% in GR4H, while it degraded from −4.2 to 11.8% in PDM after jointcalibration. Moreover, it is clear from Figure 9 (a,b) that in Kyeamba there is no significant change in the soil wetness simulations after joint-calibration in both models, with better soil moisture simulations seen in the GR4H after joint-calibration.
From Figure 10 (a), apart from some points, there was no significant change in the Adelong sub-catchment in the soil moisture simulations for GR4H. However, PDM showed some improvements in soil moisture simulation in mid-2011, but the huge differences in early 2012 were not reduced after joint-calibration. Here, it should be highlighted that the catchment average soil moisture observations for the period 2011-2012 had lower accuracy compared to the calibration period, as there were less continuous data available for the sites for the validation period. Therefore, it was expected that the observed soil wetness average over the sub-catchments had lower accuracy, and thus the differences between observations and simulations being higher in the validation than the calibration period is no surprise. In Figures 7-10 , the correlation coefficients between observed and simulated soil wetness were improved, with the highest improvement seen for PDM in the Adelong sub-catchment, where it increased from 0.36 to 0.76 over the validation period.
Further evaluation of the streamflow modelling
There were some big runoff events in 2010 and 2012 in the Murrumbidgee catchment resulting in floods. Here, the focus is on the streamflow and soil moisture predictions in the two focus sub-catchments during these periods. To evaluate the model streamflow and soil moisture prediction skill, Figure 11 compares observed flow and soil wetness in the Kyeamba sub-catchment with simulated flow and soil wetness using parameters from SF-calibration and joint-calibration for the two events, October 2010 (calibration) and March 2012 (validation). The same plots are presented in Figure 12 for the Adelong sub-catchment.
In Figure 11 (a,c), there were small differences in streamflow simulation in October 2010 (calibration) between SF-calibration and joint-calibration for the Kyeamba area. However, in March 2012 (validation), the magnitude of the peak flows between the two calibration approaches was not very different in GR4H, but was slightly improved in PDM for the second flow in this sub-catchment. GR4H had better shape in flow for the second flow but with a bigger timing error than PDM. Therefore, despite the small degradations from GR4H in Cal.1 and Val.3 scores in Table 2 , the performance of GR4H did not change significantly after joint-calibration. Figure 12(a,c) shows that there was a small degradation in flow simulations in October 2010 in the Adelong area for both models after joint-calibration compared to SF-calibration alone. In March 2012, GR4H underestimated the first peak flow after joint-calibration, while it was well predicted using parameters from SF-calibration. However, there was no change in the second peak flow prediction. PDM strongly underestimated both peak flows in 2012 for SF-calibration, while it performed slightly better in the first event and overestimated the second peak flow. As shown in Figure 11 (d) and 12(d), PDM showed 100% saturation for both calibration approaches in Kyeamba and for joint-calibration in the Adelong area. GR4H did not reach 100% saturation for joint-calibration in Kyeamba and for both calibration schemes in the Adelong area in October 2010, as seen in Figures 11(b) and 12(b) .
The difference between the streamflow prediction skill of each model was investigated for the different events in October 2010, and February and March 2012. Table 3 presents the model streamflow prediction errors compared to observed peak flow, rainfall accumulation (rainfall amount relative to the duration), Figure 11 . Comparison of observed and simulated streamflow and soil wetness from (a) and (b) GR4H and (c) and (d) PDM for a calibration event (left) using OzNet rainfall data, and a validation event (right) using operational rainfall data, after calibration to only streamflow (SF-cali) and calibration to both streamflow and soil moisture (Joint-cali) in the Upper Kyeamba Creek subcatchment. It can be seen from Table 3 that PDM had better streamflow prediction skill for high peak flows (200-400 m 3 s −1 ) with streamflow prediction errors of 5-25%, while GR4H predicted observed high flows with 40-50% errors. Conversely, GR4H had better performance for low and medium flows (60-99 and 100-199 m 3 s −1 ) with 10-25% and 0-35% errors, respectively, when the rainfall accumulation was between 2 and 3.1 mm h −1 . In contrast, both models greatly over-predicted the low streamflow event (50 m 3 s −1 ) in October 2010 in the Kyeamba subcatchment, when the rainfall accumulation was relatively high (3.5 mm h −1 ). This is because the models were not capable of predicting high rainfall intensity events. It was also found that PDM predicted medium events (100-199 m 3 s −1 ) with errors between 25
and 50% when the pre-event soil wetness was between 70 and 100%, while the model prediction errors increased to 70-100% for the medium events when the pre-event soil wetness was low (30-65%). Consequently, PDM tended to predict high flows with better skill than GR4H, while the GR4H model tended to have better performance for low to medium peak flows.
Evaluation of the impact of soil moisture spatial variability on joint-calibration
The NSE scores of streamflow simulations from jointcalibration to streamflow and soil wetness observations from different stations are compared to calibration to streamflow alone, and joint-calibration to average soil wetness, in Table 4 . All evaluation scores obtained for each station here were calculated for the duration when the data for the station were available over the calibration/validation periods. In Table 4 , the NSE scores did not change significantly for joint-calibration to single stations, with an improved score only observed for PDM in the Adelong sub-catchment, when compared to calibration to streamflow and joint-calibration to average soil wetness observations. Moreover, Figure 13 shows that RMSE and R did not change significantly for K5 and K7 for either model in Kyeamba, with the scores mostly degraded when calibrating to single stations in comparison to average-based joint-calibration. However, Figure 14 shows that A2, A3 and A5 resulted in similar or slightly better RMSE and R than other calibration results. Consequently, given the marginal changes observed in streamflow prediction skill after joint- calibration to soil wetness from single stations, and the limited temporal availability of the soil moisture data at single stations, the joint-calibration based on average soil wetness observations was adopted for the hydrological model calibration and evaluation of this work. Among the stations, based on the correlation coefficient values between the soil wetness observations from different stations, K5 and A2 were estimated to be the most representative stations for the soil moisture spatial variability in Kyeamba and Adelong, respectively. It was also shown that joint-calibration to the representative station (K5 and A2) produced acceptable NSE results, suggesting that the representative station captured the important dynamics of the soil wetness, thus yielding correct hydrological responses in the catchment.
Discussion
In this study, the NSE scores of streamflow modelling were different between the sub-catchments for both models. This indicates that the streamflow modelling performance depends on the characteristics of the area, such as annual rainfall amounts and average flows, which were found to be different between the sub-catchments (see Section 2). The climatic conditions are also quite different in the Kyeamba and Adelong sub-catchments, with semiarid and sub-humid climate, respectively. Infiltrationexcess runoff is dominant in semi-arid catchments, while saturation-excess runoff is dominant in humid catchments. Moreover, high antecedent precipitation conditions in semi-arid areas can lead to saturation excess runoff generation in wetter periods as a result of reduced infiltration capacity. Hence, streamflow prediction skill is expected to be hindered in semi-arid catchments due to the complex hydrological processes and increased nonlinearity of catchment response to rainfall (Camacho Suarez et al. 2015 , Huang et al. 2016 . In this study, GR4H resulted in better streamflow prediction in the Adelong area, having more humid conditions compared to Kyeamba, despite the streamflow prediction performance being acceptable in the Kyeamba sub-catchment for both GR4H and PDM, with calibration and validation NSE scores mostly greater than 0.60. The streamflow modelling skills were also different between GR4H and PDM for a specific sub-catchment. It was found that PDM tended to predict high flows better than GR4H, while GR4H had better performance for low to medium peak flows. The different performance between the models, especially in the Adelong sub-catchment, can be associated to the structure of the models and the hydrological processes they use for soil moisture estimation. For example, GR4H did not reach the maximum water storage capacity at all, while the catchment average soil moisture storage was saturated for PDM during some periods. In addition, a bucket is considered to represent Table 3 . Summary of streamflow prediction errors (%) from GR4H and PDM, rainfall amount relative to duration (mm h −1 ), modelled pre-event soil wetness (%), and observed peak flow (m 3 s −1 ) for the events in October 2010, and February and March 2012 in Kyeamba (K) and Adelong (A). the soil moisture storage in the GR4H model, while in PDM a continuous distribution of stores with different soil moisture capacity is used for surface runoff production. Furthermore, PDM utilizes recursive equations for representing surface and subsurface storage, meaning that fluxes occur continuously throughout time. This is in contrast to most of the other models (e.g. GR4H and SIMHYD), which employ a sequence of fluxes and water flows instantaneously between stores. In addition, both GR4H and PDM had similar soil moisture prediction skills in the Kyeamba sub-catchment when jointly calibrated to both streamflow and soil moisture observations. In the Adelong sub-catchment, the results showed that PDM had slightly better estimation of soil moisture than GR4H after joint-calibration. In this sub-catchment, PDM with more parameters also had better streamflow prediction skill in both calibration methods. However, PDM was outperformed in streamflow prediction over the validation period by GR4H in most cases, despite the latter having a simple structure and fewer parameters. Consequently, of these two models, GR4H is recommended for use in the foothills of the Murrumbidgee catchment or other similar Australian catchments with semi-arid to subhumid climate, due to the better performance than PDM in streamflow and soil moisture predictions.
There were no significant changes in the streamflow prediction efficiency for both models in Kyeamba and for the GR4H model in the Adelong sub-catchment after joint-calibration, as compared to calibration to SF-calibration. Conversely, obvious improvements were seen in soil moisture prediction skill. The lack of improvements in streamflow predictions does not deny the effectiveness of the joint-calibration method for more accurate estimation of the models' parameters. Indeed, the simulation with parameters obtained from joint-calibration was much more consistent with the real condition in the catchment in terms of the soil storage. Significant improvements in both streamflow and soil moisture predictions were seen in PDM after joint-calibration in Adelong, as compared to SF-calibration. It can be inferred from the results of this study that joint-calibration to streamflow and soil moisture yields a better streamflow prediction where the model cannot fit to streamflow observations through the calibration to streamflow alone, due to the uncertainties in rainfall input or streamflow observations. This result has not been observed in past studies (Parajka et al. 2009 , Sutanudjaja et al. 2014 , Silvestro et al. 2015 indicating improved soil moisture prediction efficiency alone with no changes in runoff prediction skills.
It is important to recognize that possible uncertainties in the observational data, including streamflow, rainfall and soil moisture observations, will have an influence on the modelling skill scores and the errors in the calibration and validation period. While the joint-calibration scheme buffers the uncertainties in the rainfall and streamflow observations in the calibration, this could also bring some other uncertainties into the modelling due to errors in the soil wetness observation estimations. For example, the average of the volumetric soil moisture has been used over an effective depth. However, this is based on some assumptions regarding the effective depth and the porosity of the soil. Furthermore, investigations on the accuracy of the soil moisture observations from the field measurements are required for application of this calibration method, as the estimated soil wetness observations are very sensitive to changes in the volumetric soil moisture data.
Conclusion
This study showed the results of streamflow and soil moisture estimation from two rainfall-runoff models with different structures. The GR4H and PDM models were calibrated and validated in two sub-catchments located in the Murrumbidgee catchment in southeastern Australia. The models have a single soil moisture storage over the catchment using four and eight parameters, respectively. Two calibration methods were used and evaluated. For the first calibration method, the objective function was based on minimizing only the difference between observed and modelled streamflow. This is the most commonly used method in calibration of hydrological models. In the second calibration scheme, the difference between observed and simulated soil wetness was coupled with streamflow differences to account for the effect of accuracy of soil storage simulation in the modelling. Soil moisture estimated with and without joint-calibration in the models was evaluated against soil moisture observations from field measurements. The performance of the models in flow estimation mostly did not change significantly after joint-calibration in the calibration period. However, in the validation, PDM had much better predictions of the flows, especially in the sub-catchment where it had low streamflow prediction skill from the initial calibration. While it was shown that PDM had better streamflow and soil moisture estimations over the joint-calibration period, it was outperformed by the GR4H model over the validation period. Consequently, it is recommended that the GR4H model be used in preference to PDM in the foothills of the Murrumbidgee catchment or other sub-humid to semi-arid catchments in Australia, and those soil moisture data should be used in the calibration process.
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